Abstract
Introduction
Functional traits in dairy cattle such as disease resistance, regularity of oestrous cycle, conception success to inseminations and food efficiency are economically important traits. The efficiency of milk production would be reduced by continued selection for milk production due to antagonistic genetic correlations of milk yield with functional traits (Kadarmideen et al., 2000 and 2003) .
Body condition scoring (BCS) is a management technique used routinely to appraise the body fat reserves and energy status in cattle (Wildmann et al., 1982) . Changes in BCS over time reflect both the body composition and energy balance, which in turn, are critical for metabolic stability, health and fertility . Economic and ethical implications of poor health and fertility are of major concern to dairy producers. Poor fertility is a major cause of involuntary culling in many countries, including Switzerland. While poor fertility itself has a large economic impact on efficiency of dairy production, this problem could be exacerbated by selection for high milk production due to 1 Run analyses + obtain results on genetic + phenotypic parameters including sire EBVs Figure 1 Illustration of different steps (1 to 11) involved in preperation of data sets for single-and multi-trait variance component estimation and for genetic regression analyses. BCS = body condition score, DFS = days to first service, NRR = non-return rate, SCC = somatic cell count, EBV = estimated breeding value. (1999) (2000) (2001) (2002) Monthy test-day SCC (1999) (2000) (2001) (2002) Insemination + calving dates (1999) (2000) (2001) (2002) Compute DFS and NRR (1999-2002) BCS data (2001) (2002) 305-day production (1999) (2000) (2001) (2002) Raw data for editing sires > 50 daughters herd-years > 5 records antagonistic genetic correlations (e.g. Pryce et al., 1997; Kadarmideen et al., 2000 and 2003) . In addition, selection for milk production would also lower the genetic merit for good body condition (antagonistic genetic correlations, -0·20 to -0·50, reported by, for example, Pryce et al., 2001; Berry et al., 2002; Wall et al., 2003; Kadarmideen and Wegmann, 2003) . Therefore, Swiss cattle breeding organizations are interested in including BCS and fertility traits in a multi-trait selection index to offset the unfavourable effect that selection on milk production traits has on fertility.
Clinical mastitis is an economically and ethically important production-oriented disease but genetic evaluation for this disease is restricted by absence of recording in many countries, including Switzerland, or by low quality and quantity of mastitis records if recorded at all (e.g. see Kadarmideen, 2003) . Somatic cell count (SCC) or somatic cell score (SCS; logtransformed SCC) in milk has genetic correlation of about 0·7 with clinical mastitis, which provides an opportunity for indirect selection for resistance to mastitis through selection on SCC (Mrode and Swanson, 1996; Rupp and Boichard, 1999; Kadarmideen and Pryce, 2001) . Some countries have investigated genetic relationships between BCS, fertility and milk production but without SCC (e.g. Veerkamp et al., 2001; Pryce et al., 2001; Wall et al., 2003) . In Switzerland, there is no published information on the genetic or phenotypic correlations among BCS, SCC, fertility and milk production traits. Some udder type traits have been genetically related to SCC (Mrode et al., 1998) but published information on the genetic relationship of fertility with many type traits are unavailable.
Main objectives of this study were to estimate genetic and phenotypic parameters (heritabilities, permanent environmental variances, and genetic and phenotypic correlations) for BCS, SCS, days to first service, non-return rate and milk production traits and to estimate genetic relationships of fertility and SCS with many type traits in Swiss Holsteins. Data on three milk production traits (305-day milk, fat and protein yield), insemination and calving dates (for calculation of fertility traits) and monthly test-day SCC were obtained for cows with a BCS record from HAS. Different steps (1 to 11) involved in preparation of final data sets for analyses are illustrated in Figure 1 for ease of understanding and clarity, step 1 : obtain 2 years of BCS data (in 2001 and 2002) ; step 2 : obtain 305-day milk, fat and protein yields of cows from 1999-2002; step 3a : obtain insemination and calving data of cows from 1999-2002; step 3b : calculate non-return rate (NRR) and days to first service (DFS) (see below); step 4a : obtain monthly test-day observations of SCC of cows from 1999-2002; step 4b : calculate lactation measure of SCS (see below); step 5 : merge all data from steps 1, 2, 3b and 4b to form a final BCS-production-fertility-SCS data set for editing.
Material and methods

Data for multi-trait genetic analyses
The final merged data was a BCS-productionfertility-SCS data set, where all cows that had BCS record also had production, fertility and SCS data (for years 2001 and 2002) . Except BCS, data on all other traits were from year 1999 because some cows were condition scored only in later lactations but had production, fertility and SCS records from their early lactations. To avoid or at least to minimize the selection bias, not only the later lactation records but also the early lactation records on production, fertility and SCS need to be included. Therefore, all lactation records on production, fertility and SCS arbitrarily from 1999 were included. This procedure would also improve accuracy of BCS analysis besides reducing possible biases in the analysis. The year 1999 was arbitrarily chosen as starting point for retrieving production-fertility-SCS records, because including data on these traits prior to 1999 would leave more than 50% of the final dataset with 'missing' BCS observations. This would lead to estimation and convergence problems and hence statistically inappropriate estimates.
In countries where recording of insemination dates by dairy producers is voluntary, insemination data could be unreliable due to missing or incomplete reporting of all inseminations and therefore data would need stringent editing and validation procedures before they could be used for genetic evaluation (e.g. see Kadarmideen and Coffey (2001) and Kadarmideen (2003) ). In Switzerland, artificial insemination (AI) technicians from AI organizations record all inseminations and therefore insemination dates are more reliable/accurate. For this study, nonreturn rate 56 days post insemination (NRR) and days between calving and first service (DFS) were computed using insemination and calving dates (step 3b in Figure 1 ) as follows. Non-return rate was a binary trait, coded 1 if a cow had only the first insemination date and no second insemination within 56 days after first insemination in a given lactation. Otherwise, NRR was coded '0'. If a cow had two consecutive inseminations within 12 days, those inseminations were considered to be for the same heat and code remained as 1. Days to first service was computed as number of days between calving and first insemination date in a given lactation. Non-return rate and DFS cover the two most important aspects of female fertility : the ability of cows to cycle and conceive normally (e.g. Kadarmideen et al., 2000 and 2003) and has been recommended by EU concerted action on 'Genetic Improvement of Functional Traits in Cattle' (GIFT; Groen et al., 1997) for national genetic evaluations.
Monthly test-day observations of SCC (expressed in thousands per ml of milk) per lactation for each cow were obtained from HAS (step 4a in Figure 1 ). The monthly test-day SCC was log-transformed into monthly test-day somatic cell score (SCS) as : SCS = log e [SCC/100] + 3 (e.g. Mrode and Swanson, 1996) . Then an arithmetic mean of monthly test-day SCS was computed per cow per lactation to form a lactational measure of SCS (abbreviated as LSCS) as in e.g. Mrode et al. (1998) , Rupp and Boichard (1999) and Kadarmideen and Pryce (2001) (step 4b in Figure  1 ). Several studies have shown that log e or log 2 transformation of SCC has no influence on the estimates of genetic parameters, as reported in Mrode et al. (1998) .
Data set was edited such that each sire in the data set had to have at least 50 daughters to ensure that only recently proven sires were included (step 5 in Figure  1 ). This editing for progeny group size of sires was to ensure that estimated breeding values (EBV) of sires from this part of the analysis were of good reliability and could subsequently be used for later analysis. Further, each herd in each year of classification/ calving had to have at least five records (step 5 in Figure 1 ). This editing resulted in the creation of a final data set of 38930 records on 29593 cows, daughters of 243 different sires in 1830 herds (in step 6 of Figure 1 ). All records had fertility, SCS and production data, and 17042 records had BCS data. For all fertility and milk production traits and LSCS, there were 21767, 6373, 1395, and 58 cows with one, two, three and four records, respectively, leading to a total of 29593 cows and 38930 records. For BCS, there were 14170 and 1436 cows with one and two records, respectively, leading to a total of 15606 cows and 17042 records.
Since there was a lower number of cows in and after fourth lactation, they were all considered to be in lactation class 4 + leading to four levels in lactation number : 1, 2, 3 and 4 + . Among 38930 records, there were 22540, 9096, 4957 and 2337 records belonging to lactations 1, 2, 3, and 4 + , respectively. When only BCS records (17042) were considered, there were 9608, 4027, 2276, and 1131 records belonging to lactations 1, 2, 3, and 4 + , respectively. Pedigrees that
included 98197 animals were constructed for an individual animal model by tracing ancestors as far back as possible.
Data for regression of type on functional trait EBVs
Data on 27 type traits were extracted from HAS database for those cows in the data set for multi-trait analyses (step 7 in Figure 1 ). All 38930 records on 29593 cows (created in step 6 in Figure 1 ) had type data. Linear type traits are recorded on a scale of 1 to 9 and descriptive type traits are recorded on a scale of 50 to 100 points.
The data set was prepared for a simpler yet useful way of estimating the genetic relationships with functional traits via estimated regression coefficients from regressing daughter type records on sire EBVs for functional traits. These sire EBVs for each functional trait were available from many different combinations of the bi-and tri-variate analyses (step 8 in Figure 1 ) described below. For the sake of uniformity, sire EBVs from single-trait analysis on LSCS, DFS and NRR separately were extracted (in step 9 in Figure 1 ). By matching on sire identification number, type records of cows (from step 7) and single-trait BLUP EBVs of their sires for functional traits (from step 9) were merged to create a data set in step 10 in Figure 1 . This dataset was used in the regression analysis (in step 11 in Figure 1 ). Note that these are EBVs for sires with more than 50 daughters each which ensures that genetic relationships are derived based only on reliable EBVs. Regression on cows' EBVs themselves was not used as they would have poorer reliabilities than those of sires.
Statistical models and analyses
The statistical model used for parameter estimation could be given in a general form as:
for i = 1 to 7 traits and where : y is a vector of records for trait i, X i is design matrices relating fixed effects in b i to y i . The fixed effects for BCS, fertility, LSCS and production traits were different from each other (see below). The vector of random animal genetic effects is in a i , where the design matrices, Z i , relate records to these animal effects. The vector of random permanent environmental effects of cows is in p i , where the design matrices, W i , relate records to these cow effects. The vector of random residuals is in e i , for y i . The above multi-trait model fitted different effects for different traits jointly in a single (bi-or trivariate) model.
Model for BCS where it was the i th trait in multi-trait model (1) was:
where : y ijklmnopq = body condition score; µ = the overall mean; HYV i = ith herd-year of visit by classifier; MV j = jth month of visit for condition scoring; L k = kth lactation number (1, 2, 3 and 4 + ); LSV l = lth stage of lactation (1, 2, 3, …, 9 months after calving) at visit or the time of condition scoring; av = age (in days) at condition scoring and β m is the regression coefficient for av; hp = percentage of Holstein genes and β n is the regression coefficient for hp; a o = random genetic effect of animal; p p = random permanent environmental effect for cows; and e ijklmnopq = residual error term.
Model for milk production, days to first service and lactation SCS, where one of the traits was the ith trait for joint analysis in multi-trait model (1) was the same and was:
where : y ijklmnop = milk production traits or days to first service or lactation SCS; µ = the overall mean; HYC i = ith herd-year of calving; MC j = jth month of calving; L k = kth lactation number (1, 2, 3 and 4 + ); ac = age (in days) at calving and β l is the regression coefficient for ac; hp = percentage of Holstein genes and β m is the regression coefficient for hp ; a n = random genetic effect of animal; p o = random permanent environmental effect for cows; and e ijklmnop = residual error term.
Model for non-return rate where it was the ith trait for joint analysis in multi-trait model (1) was:
where : y ijklmnop = non-return rate; µ = the overall mean; HYI i = ith herd-year of insemination; MI j = jth month of insemination; L k = kth lactation number (1, 2, 3 and 4 + ); ac = age (in days) at calving and β l is the regression coefficient for ac; hp = percentage of Holstein genes and β m is the regression coefficient for hp ; a n = random genetic effect of animal; p o = random permanent environmental effect for cows; and e ijklmnop = residual error term.
Model validation and assumptions
Effects fitted for BCS as 'fixed' (e.g. herd-year of visit, stage of lactation at visit, Holstein percentage) were chosen since they were shown to have significant
effects on BCS in published literature (e.g. Pryce et al., 2001; Veerkamp et al., 2001; Berry et al., 2002; Wall et al., 2003) including Swiss Holsteins (Kadarmideen and Wegmann, 2003) . Fixed effects fitted for days to first service and non-return rate (e.g. herd-year and month of calving/insemination) were previously shown to be significant and recommended by several publications (e.g. Boichard and Manfredi, 1994; Pryce et al., 1997; Kadarmideen et al., 2000 and 2003; Wall et al., 2003) . Effects used for milk production and LSCS are well-known effects (e.g. Mrode and Swanson, 1996; Mrode et al., 1998; Kadarmideen and Pryce, 2001 ).
Model (1) was a repeatability animal model that assumes a genetic correlation of 1 between the same trait measured in different lactations. The expectation and variances for multi-trait models where each trait has more than one random effect and some traits have missing data are explained in Henderson (1984) . Briefly, assumptions were that there is no covariance between residuals and genetic effects; cov (a, e) = 0 and each trait follows multi-variate normal distributions. In the mixed model equations corresponding to model (1), the residual and permanent environmental elements corresponding to rows and columns of animals that have missing BCS observations were set to zero in variance-covariance matrices for residual and permanent environmental effects.
Two types of analysis were conducted : first, a singletrait analysis on the ith trait involved fitting corresponding effects under models (2), (3) and (4). This was done in order to obtain estimates of univariate parameters : heritabilities, permanent environmental variance and best linear unbiased predictor (BLUP) of breeding values (EBVs) and starting values for variance components in multitrait analysis. Secondly, multi-trait analysis fitting different effects for different traits in a multi-trait model (1) was used to estimate all variancecovariances and correlations. Variance-covariance parameters, fixed effects and breeding values were estimated using the software package, ASREML (Gilmour et al., 2003) . In ASREML, it was possible to get standard errors for all estimated parameters or their ratios.
Estimation of genetic regression coefficients
Regression model for all type traits was where : y = type traits; fixed effects fitted for type traits are the same as those fitted for BCS which are given in model (2); EBV X = sire EBVs for trait X where X = DFS or NRR or LSCS extracted from BLUP solutions for sires in single-trait analysis (DFS and LSCS based on model 3 and NRR based on model 4) and β X is the corresponding regression coefficient. Note that 27 type traits are regressed on one EBV at a time such that relationships are interpreted only from full regression coefficients (or not from partial regression coefficients). For this reason, there were 27 traits ✕ 3 EBVs = 81 regression analyses. All genetic regression coefficients (with s.e.) were estimated using the software package, ASREML (Gilmour et al., 2003) .
With the estimated regression coefficients (β y, x ) of regressing type trait y on independent variable x ( = sire EBV for DFS or NRR or LSCS), approximate estimates of genetic correlations (r g_x, y ) could be derived using genetic standard deviations for covariable or trait x (σ g_x ) and y (σ g_y ) involved as:
where, β y, x are estimated from model 5. Estimates of σ g_x for DFS, NRR and LSCS were taken from the variance component estimation using model (3 or 4) and σ g_y for type traits were taken from estimates reported for Swiss Holsteins by Kadarmideen and Wegmann (2003) . As mentioned earlier, these genetic variances were from univariate analyses as many sets of σ g_x or σ g_y estimates are possible from multivariate analysis of DFS, NRR and LSCS with other traits under model (1). However, genetic variances for individual traits, estimated between univariate versus multi-variate analysis were similar and therefore approximate correlations derived using univariate estimates would not differ greatly. These approximate genetic correlations are computed solely for the ease of discussing the results in relation to the previous section on multi-trait variance component estimation that provided estimates of (exact) genetic correlations.
Theoretically, multi-trait genetic analyses of all 27 type traits together with seven other functional and production traits would be the correct way to estimate genetic correlations. However such full 34 by 34 multi-trait animal model analyses were not the main aim here (main aim was to obtain genetic correlation estimates for BCS, LSCS, fertility and production). Further, lack of computational resources and time restricted the complete multi-trait evaluations of 34 traits with many different fixed and random effects in the model. Earlier studies have used this simple regression approach to estimate genetic regression coefficients and calculated approximate correlations (e.g. Kadarmideen and Pryce, 2001; Royal et al., 2002) .
Results
Descriptive statistics and fixed effects
Raw means and standard deviations (s.d.) of different traits within lactations (1, 2, 3 and 4 +) are given in Table 1 and overall means and s.d. across all lactations are given in Table 2 . The distribution within lactation showed that BCS is relatively higher in the first lactation than in later lactations. Nonreturn rate increases from first until third lactation but decreases afterwards, which may be due to the fact that selection on fertility operates in first or early lactations (or only fertile cows have a chance to calve again). Furthermore, the unfavourable effects of selection on milk production traits in early lactations may have an impact on fertility in later lactations . Days to first service in first lactation was, however, shorter than second and third lactations but similar to 4 + lactation. Somatic cell score in milk increases with lactation which could be expected because as cows get older, resistance to mastitis would decrease, over and above the unfavourable genetic effects for mastitis resistance of selection on milk production traits (e.g. Kadarmideen et al. (2000) and Kadarmideen and Pryce (2001) ).
Effect of lactation or parity for all traits analysed was statistically significant at P < 0·01 level. Estimated regression coefficient of BCS on age at condition scoring was 0·003 units, which indicated that, for example, every month increase in age, BCS increased, on average, by 0·09 units (0·003 ✕ 30 days = 0·09 BCS units). Effect of age at calving (nested within lactations) was significant at P < 0·01 for all milk production and fertility traits as well as LSCS. Percentage of Holstein genes had a significant effect (P < 0·01) on BCS and was -0·007 units, indicating that cows with high proportion of Holstein genes would have an unfavourable effect on body condition. Percentage of Holstein genes also had a significant effect (P < 0·01) on LSCS (0·002) and milk production traits (range 0·003 to 0·004) indicating that a higher proportion of Holstein genes may lead to high LSCS and milk yield. Effect of stage of lactation on BCS was significant at P < 0·01 level. Least-squares (LS) means (results not shown) indicated that cows are in good body condition at around calving, lose body fat progressively up to 5 months after calving and then gain body fat gradually until next calving.
Heritabilities and permanent environmental variances
Estimates of heritabilities (h 2 ) and ratio of permanent environmental variance to total phenotypic variance (c 2 ), together with number of observations, means and standard deviations (s.d. ) for BCS, fertility, LSCS and milk production traits are given in Table 2 . The heritability of BCS was similar to milk yield (0·26 v. 0·29) showing that animals could be selected and bred for good BCS as they are for milk yield; this trait is useful as an indicator for other functional traits (see below). Estimated c 2 was 0·31 for BCS. Estimated h 2 for fertility traits were smaller (NRR = 0·06 and DFS = 0·12) than other traits considered here, indicating that these traits are difficult for selection purposes, unless moderate to highly correlated and heritable traits are used as indicator traits. Estimated h 2 for milk production traits were moderate and higher than those for most traits studied, as expected. Estimated c 2 was higher than h 2 for all traits considered and ranged from 0·09 for NRR to 0·45 for milk yield.
Genetic and phenotypic correlations
Estimates of genetic correlations (r g ) and phenotypic correlations (r p ) together with their standard errors (s.e. ) are given in Table 3 . Residual and permanent environmental correlations are not reported (hence not discussed), as they are less important than r g (e.g. for breeding purposes) and phenotypic correlations sufficiently explain the general magnitude and direction of these correlations.
Body condition score versus fertility, LSCS and milk production. The estimated genetic correlations between BCS and fertility traits (NRR and DFS) were favourable; cows in good body condition had shorter intervals to insemination after calving (r g = -0·35) and were more likely to be pregnant within 56 days after first insemination (r g = 0·04). The direction and magnitude of estimated r g between BCS and LSCS (-0·08) indicates that genetic merit for body condition increased genetic merit for LSCS. Genetic correlations of BCS with milk, fat and protein yield were unfavourable (range, -0·50 to -0·39), showing that selection for high milk production led to low genetic merit for BCS or genetically thin animals.
Estimated r p between BCS and other traits were, however, much smaller in magnitude than r g , but had a similar direction of relationship.
Fertility versus LSCS and milk production. Genetic correlations of non-return rates and days to first service with LSCS (-0·05 and 0·13, respectively) indicated that genetic predisposition to udder infection (hence high LSCS) may have interfered with cows' ability to cycle. Alternatively, genetic merit for low LSCS was favourably related to high genetic merit for DFS. Estimated r g between fertility and milk production traits were unfavourable : genetic ability of cows to conceive (NRR) decreased as yields of milk, fat and protein increased (r g = -0·24, -0·22, and -0·12, respectively). Estimated r g between DFS and yield also suggested that genetic merit for high milk production was associated with longer interval to first insemination (r g = 0·27, 0·12, and 0·18, for milk, fat and protein yield, respectively). Estimated r p between fertility and other traits were, however, much smaller in magnitude than r g , but had a similar direction of relationship.
Milk production traits versus LSCS and other correlations. Estimated r g between milk production
and LSCS (range 0·10 to 0·15) shows that high yield resulted in high LSCS or in poor genetic merit for LSCS. Estimated r p were much smaller in magnitude than r g but had a similar direction of relationship. Correlation between DFS and NRR was genetically favourable (-0·12) but phenotypically the correlation was not strong.
Genetic relationships between type and functional traits
Estimated regression coefficients (multiplied by 100) of daughter type records on their sire fertility and LSCS EBVs are given in Table 4 . Estimated regression coefficients that are significant at P < 0·01 and would result in approximate genetic correlation = 0·10 are marked with superscript † in Tables 4 and 5 . If these criteria could be met for any one of the three functional traits' EBVs, they are presented in the Tables 4 and 5 and discussed here. Type traits that did not meet these criteria for any functional trait EBV are omitted from these Tables 4 and 5 and not discussed. Traits omitted included heart girth, strength, rump angle, rump width, pastern, rear leg rear view, rear udder height and rear udder width.
Approximate genetic correlations in Table 5 are given solely for the ease of discussing the results in relation to the previous section on exact genetic correlations from multi-trait analysis. They were computed using formula (6) and are presented in Table 5 . 
Type traits and fertility. There were 12 type traits with a significant relationship with DFS (in Tables 4 or 5) . Regression coefficients and approximate correlations were negative for heel depth, fore udder attachment and udder depth (i.e. high type score less DFS), indicating favourable genetic relationships between these type traits and DFS. Among type traits, dairy (a descriptive trait) or dairy character (linear score) had ¶ 1·63** -11·50** † Significant at P < 0·01 and yielded absolute genetic correlation = 0·10. ‡ The standard errors (✕ 100) of regression coefficients for DFS, NRR and SCC ranged from 0·10 to 0·70. § Descriptive type traits each representing a combination of other relevant linear type traits. ¶ Approaching significance (P < 0·10). an unfavorable genetic relationship with DFS (regression coefficients or genetic correlations) indicating that thin cows tended to have poor genetic merit for DFS. This result also contradicts the genetic correlation of BCS with DFS (thin cows had longer DFS, Table 3 ). Estimated regression coefficients for NRR were significant at P < 0·01 level and positive for most type traits, for example, stature, capacity, rump, udder and final class meaning that tall and wide cows with good udder and rump had better genetic ability to conceive to inseminations. Although these regression coefficients were significant, approximate genetic correlations were all either 0·00 or ±0·02, which may be due to the fact that NRR is a binary as well as a low-heritability trait (h 2 = 0·06 and genetic s.d. was only around 0·1)
Type traits versus LSCS. Regression coefficients for eight type traits were significant at P > 0·01 level (Table 4 ) and of these eight traits, four type traits (3 linear and 1 descriptive) had a correlation > 0·10 with LSCS (Table 5 ). These results indicate that good characteristics of fore udder attachment, udder depth, and 'udder' were associated with good genetic merit for LSCS. Rear leg side view had an unfavourable genetic relationship with LSCS indicating that the (sickle) shape of the leg plays a rôle in incidence of udder infection or injury leading to high SCC in milk.
Discussion
Heritabilities and permanent environmental variances Heritability of BCS obtained in this study was 0·26, which is similar to estimates by 305-day model that treated BCS as one observation per cow per lactation (e.g. Pryce et al., 2001; Kadarmideen and Wegmann, 2003; Wall et al., 2003) and estimates by random regression or longitudinal data analysis models (Veerkamp et al., 2001; Berry et al., 2002 and 2003) , . Heritabilities of fertility traits such as non-return rates and days to first service were low, which indicates large environmental or managemental influences on these traits. Estimates of both heritabilities and permanent environmental variances for fertility traits are similar to previous findings (e.g. Pryce et al., 1997; Kadarmideen et al., 2000; Haile-Mariam et al., 2003; Wall et al., 2003) . Interval traits (e.g. days to first service) usually have a higher heritability than count/binary traits (e.g. non-return rates) when estimated with linear models (Kadarmideen et al., 2000) . Heritability and permanent environmental variance of LSCS agreed with previous estimates for lactation average SCS for Holsteins (e.g. Weller and Ezra, 1997; Mrode et al., 1998; Rupp and Boichard, 1999; Kadarmideen and Pryce, 2001 ). Heritabilities and permanent environmental variances of milk production traits were the highest and agreed with previous estimates (e.g. Kadarmideen et al., 2000; Kadarmideen and Wegmann, 2003) .
Genetic and phenotypic correlations
Body condition score versus fertility, LSCS and milk production. Genetic correlation of BCS with DFS (-0·35) in Table 3 shows that cows with good genetic merit for body condition will take a shorter time to (show heat after calving and) reach first insemination after calving. Estimated genetic correlation (-0·35) is similar to or slightly less than most literature estimates Veerkamp et al., 2001; Wall et al., 2003) . This result could also be extrapolated to genetic relationship of BCS with calving interval since the latter is a function of DFS (genetic correlation between DFS and calving interval is between 0·70 and 0·90 - Kadarmideen et al. (2000 and 2003) ). Genetic correlation of BCS with NRR could have been underestimated because NRR is a binary trait and hence all estimated parameters (genetic and other variances/covariances) are also on the 0 to 1 probability scale. Genetic correlation of BCS with fertility traits indicated here are from a cross-sectional (or lactation-based) model. Berry et al. (2003) have recently analysed BCS and fertility data jointly via bi-variate random-regression models and have shown that BCS genetic correlation with fertility traits is maximal during mid lactation. In general, this present study showed that there are moderate and favourable genetic correlations between BCS and DFS that provide an opportunity to construct fertility selection index with BCS as an indicator trait. Similar results and conclusions have been drawn in some earlier studies (e.g. in UK by Pryce et al. (2001) and Wall et al. (2003) ; in Ireland by Berry et al. (2003) ).
Published literature on genetic correlations of BCS with SCS could not be found. Heuer et al. (1999) reported that there is no significant phenotypic relationship between BCS and mastitis, for which SCS is an indicator trait. Genetic correlations of BCS with milk production traits were strongly unfavourable (e.g. -0·50 for milk yield), showing that selection for high milk production will lead to low genetic merit for BCS or genetically thin animals. Similar estimates were also reported in literature Berry et al., 2002; Wall et al., 2003) . Kadarmideen and Wegmann (2003) analysed the first lactation cows from the same population and reported smaller magnitude (but the same direction) of genetic correlations. This difference may have been due to different statistical models used (sire versus individual repeatability animal model), number of records (small versus large), data editing on progeny group sizes, and first versus multi-parity cows.
Correlations among fertility, LSCS and milk production.
Antagonistic genetic correlation between LSCS and fertility traits (high DFS associated with high SCS) have been previously reported (e.g. Weller and Ezra, 1997) and this study confirms that selection for low SCS is likely to improve fertility. Earlier studies in major dairying nations reported antagonistic correlations between fertility and milk production traits (selection for high milk production leads to decline in fertility) including those of Haile-Mariam et al. (2003) , Kadarmideen et al. (2000 and 2003) , Kadarmideen and Wegmann (2003) , Wall et al. (2003) and Berry et al. (2003) . Poor genetic merit for SCC was associated with high milk production as found in other studies (e.g. Mrode et al., 1998) . As shown by Kadarmideen and Pryce (2001) , LSCS would indicate increased genetic predisposition to clinical mastitis. Genetic correlations between days to first service and non-return rate were negative as found in previous studies (e.g. Pryce et al., 1997; Kadarmideen et al., 2000) confirming that cows with poor genetic merit for cyclicity also have poor conception success.
Type traits versus fertility and LSCS A significant and highly unfavourable genetic association with DFS was found for dairy form (2·94% increase in dairy form score associated with a unit increase in EBV for DFS or low genetic merit for DFS). BCS and dairy character have been jointly analysed and antagonistic genetic correlations were reported in the range of -0·35 to -0·77 by Kadarmideen and Wegmann (2003) and Lassen et al. (2003) showing that these two traits would have strong opposite effects on other traits including health and fertility. Therefore, it could be expected that dairy character has an unfavourable genetic association with fertility and LSCS (opposite of that for BCS) as found in this study and reported by Lassen et al. (2003) also for several diseases including mastitis. Some 'udder' traits have favourable relationship with LSCS (Tables 4 and 5) , which could be supported by findings of Mrode et al. (1998) who reported significant negative (favourable) genetic correlations for udder depth (-0·19) and fore udder attachment (-0·19).
Conclusions
Genetic parameters (heritabilities and genetic correlations) have been estimated for BCS, fertility, SCS and milk production traits for Swiss Holstein cattle. Results showed that body condition score has moderate heritability and favourable genetic correlations with fertility traits suggesting that BCS could be considered in a fertility index, especially because fertility traits have low heritability and high recording difficulties, compared with BCS. Body condition score has a favourable but not strong genetic correlation with SCS. Selecting for milk production alone would lead to decline in genetic merit for fertility, BCS and SCS and therefore an improved breeding strategy giving appropriate weight to these functional traits in the breeding goal are important. Several type traits (especially 'udder' traits) have favourable genetic relationships with fertility traits and SCS whereas dairy character has an unfavourable genetic relationship. This knowledge of genetic and phenotypic correlations could be used in selection decisions as many countries now move towards placing relatively high importance on health, fertility and body condition and conformation in dairy cows.
